In this paper we develop some new models for the prediction of failure in the UK that add to the literature by showing that "dynamic logit" models that incorporate market variables of the form developed by Chava and Jarrow (2004) and Campbell et al (2008) add considerable power to pure accounting-based models. Importantly, we extend the logic of Campbell et al (2008) by showing that incorporating macroeconomic variables adds predictive power, both in and out-of-sample, to market-based accounting models. Last, we show that adding industry controls gives a modest improvement to such models for UK firms in the case of a models based on accounting, market and economic variables, but a greater improvement in terms of a pure accounting based model.
Some New Models for Corporate Failure Prediction in the UK

Introduction
Several recent papers have served to emphasise the need for a timely model of UK financial failure prediction, the parameters of which are fully in the public domain.
First, Campbell, Hilscher and Szilagyi (2008) show that financially distressed firms have delivered anomalously low returns in the US. There is no UK equivalent to the model they use to estimate distress risk, something we attempt to address in this paper. Second, Pope (2010) suggests that factor mimicking portfolios based on financial distress risk may help deliver more powerful factor models of expected returns. In respect of the UK, this suggestion pre-supposes that an appropriate model is available. Of course, with regard to the latter one can make the case for using a model that is well-understood, such as the z-score models of Taffler (1983 Taffler ( , 1984 and this is precisely the approach followed in Agarwal and Taffler (2008a) , which provides some fascinating evidence that momentum may be a proxy for distress risk.
However, in doing so it provides UK evidence that is consistent with the Campbell et al (2008) finding, leaving the conundrum that markets, apparently, do not adequately price distress risk. This alone motivates the search for a "better" distress prediction model that might resolve this anomaly. Third, Agarwal and Taffler (2007) note the dramatic increase in UK firms with "at risk" z-scores from 1997 onwards, which might imply the need for an updated UK prediction model. Fourth, Shumway (2001) shows that a "hazard" or "dynamic logit" model gives better predictive power than a simpler logit model. Chava and Jarrow (2004) develop this further by adding industry controls, and show that such a model can easily be estimated using standard statistical packages. As far as we are aware, these approaches to modelling, combined with the Campbell et al (2008) innovations, have not been attempted in the UK. However, in the current financial climate one scarcely needs to allude to the academic literature to justify an interest in a timely measure of failure prediction -the likely interest from the wider community in such a model is, regrettably, all too obvious.
In this paper, we do not devote a great deal of time to the discussion of the long earlier literature on corporate failure prediction and research methods, given a review can be found in Balcaen and Ooghe (2006) . The basic choice in models is between what Balcaen and Ooghe (2006) term the "classic" statistical methodologies, by which they mean univariate and multivariate models that use accounting numbers, and what Agarwal and Taffler (2008b) term market-based models, a classification which encompasses a range of contingent claims models. We specifically do not use this latter approach in this paper, as Agarwal and Taffler (2008b) show that it fails to outperform a simple z-score model. Furthermore, Campbell et al (2008) conclude that a variant of the option-based approach, a distance to default model, does not adequately summarise default risk for US firms. So instead, we focus on developing market and accounting-based models in the spirit of Campbell et al (2008) .
It is worth pausing to consider the theoretical justification for combining accounting and market data. One can, of course, criticise accounting-based models in general for lacking theoretical underpinnings, although Agarwal and Taffler (2007, p.298 ) make a reasonable counter-argument to this. Suppose one is prepared to accept that the use of accounting data can be justified by theory. There is, nonetheless, an issue of timeliness. Accounting data is necessarily out of date and added to this, distressed firms tend to be late reporting (e.g. Ohlson 1980; Lennox 1999 ). In such circumstances, combining accounting data with information in market prices may help overcome the timeliness problem. Beaver et al (2005) make a not dissimilar point and note that (p.110) "market prices reflect a rich and comprehensive mix of information, which includes financial statement data as a subset". The particular market variables we consider here, following Campbell et al (2008) , are the replacement of book values of assets with market values, together with six-month excess returns and standard deviation of returns. Note that this does not imply financial statement information is of limited value, as we show that accounting measures of profitability, cash flow and liabilities have an important role to play in financial distress prediction. However, an interesting characteristic of these enhanced models is that once market information is incorporated, simple accounting measures based on changes in income and dummy variables for loss-making firms are rendered irrelevant. This is particularly interesting given the fact that Agarwal and Taffler (2007, p.297 ) highlight the problems caused by the increase in loss-making firms.
Finally, as we show that these enhanced models out-perform pure accounting-based models of the form investigated in Agarwal and Taffler (2007; 2008b) , the implication is that these models should out-perform contingent claims based models, although we do not formally investigate this.
Several recent developments in the literature have involved the use of "hazard" or "dynamic logit" models, of the form first developed by Shumway (2001) . He shows that single period logit models are mis-specified, leading to inference errors, and that his "hazard" model improves on a single-period logit model by explicitly accounting for time. Furthermore, he shows that such models can be estimated by standard logit programs in a simple and intuitive way (Shumway, 2001, p.111-112) . Chava and Jarrow (2004) develop this further and show that the process is even simpler than Shumway (2001) suggests.
It is worth emphasising that none of these recent developments appears in the UK literature. Specifically with regard to the UK the earliest studies are due to Taffler (1982 Taffler ( , 1983 . Taffler (1984) provides a critical review of the outstanding features of the Z-score models documented in the UK. While a few studies in the U.S. find price level-adjusted ratios add incremental information over and above that provided by historic cost ratios (Ketz, 1978; Mensah, 1983) , Keasey and Watson (1986) find that the current cost information does not improve the predictive accuracy of the models for small firms in the U.K. Peel, Peel, and Pope (1986) appears to be the earliest attempt to apply a logit-based analysis in the UK. Keasey and Watson (1991) conduct a detailed review of the usefulness of U.K. financial distress prediction models in a management context and show that an improvement in the predictive power might be primarily driven by the inclusion of more years of information. Lennox (1999) finds that profitability, leverage, and cash flow have important effects on the probability of bankruptcy on a sample of 90 bankrupt firms. Logit and probit models are found to perform better than MDA approaches in his study. His bankruptcy model shows a decline in accuracy for more distant bankruptcy horizons. Charitou et al (2004) employ a logit analysis and a neural networks methodology and use a dataset of 51 matched pairs of failed and non-failed firms. The information content of operating cash flow is found to add incremental discriminatory power to the prediction of UK company failure. Agarwal and Taffler (2007) adopt an altogether different approach, and run a logit model based upon the original Taffler (1983) z-score model, which they contrast with a loss-making firm predictive model. We start with a simple "pure" accounting based model along the lines proposed in Shumway (2001) . Even though we show that we can improve upon that, by bringing in market-based values following Campbell et al (2008) , we believe that such a model may have utility to those researching distress prediction in unlisted companies. For example, Peel and Peel (1987) investigate private company failure on a data set of 194 large UK industrial private companies. These firms are derived from the Extel Unquoted Companies Service which contains the information on the 2100 largest private companies in the UK with reference to turnover, a measure which is hardly representative of small firms in general. Their findings demonstrate that qualitative variables, such as the lag in accounts submission, have significant incremental information content and improve the prediction result. Such a model also facilitates comparison with earlier accounting-based UK models.
We go on to examine the impact of adopting market-defined values, as in Campbell et al (2008) , and show that this leads to significant improvements in predictive power, both in-sample and out-of-sample, over the pure accounting model. We argue that it should be possible to improve such models further by incorporating macro-economic variables, and indeed show that that is the case. Last, we examine the impact of specifying industry level models. Chava and Jarrow (2004) show, that as would be intuitively expected, industry effects are important in predicting bankruptcy. When we include such effects we see a modest improvement in performance from so doing in the accounting, market and economic models, but a more significant improvement in the pure accounting model.
Research method and data
We employ the "hazard", or "dynamic logit" model of Shumway (2001) , Chava and Jarrow (2004) and Campbell et al (2008) . As the latter acknowledge, this is a relatively atheoretical econometric approach. Whilst more theoretical approaches are available (for a summary see Christidis, 2010, Ch. 2) the result is a fairly powerful model that uses publicly available data. We try and avoid problems of data mining by only employing variables found to be relevant in the previous literature, rather than adopting a "kitchen sink" approach, but also supplement the accounting variables by including macro-economic variables which theory would suggest should be relevant to predicting distress.
Specifically, we are interested in the most extreme form of financial distress, corporate failure. Of course, we acknowledge that our particular definition of financial distress suffers from being somewhat arbitrary (Keasey and Watson, 1991; Balcaen and Ooghe, 2006) , and that other forms of distress are worthy of study. As Agarwal and Taffler (2007, p.288) refer to firms that go into receivership or are liquidated by the shorthand of "bankrupt" firms, although legally in the UK whilst individuals can go "bankrupt" limited companies cannot. Whilst some may view such shorthand as irredeemably sloppy, nonetheless "bankruptcy" is a convenient term that is internationally understood. The total number of bankruptcies included in this expanded database is 589 initially. Our total number of non-bankrupt firm-years is 49,063 and our average "bankruptcy" rate is 1.19%. We include listed firms from all industries, with the exception of banks, insurance companies and investment trusts, while retaining all other general financial companies in the finance sector which differentiates our study from others that commonly use only industrial firms. We also exclude secondary stocks of existing firms and foreign stocks. We include Alternative Investment Market (AIM) companies in our study. We exclude Investment or Financial Trusts as they are often voluntarily liquidated after a few years or terminated upon agreement. A summary of the number of events for each category is given in Table 1 . The sample is, we believe, by far the largest sample of such events in any UK study. For example, Agarwal and Taffler (2007) have 232 firm years matched with a sample of 27,011 non-failed firms. Chava and Jarrow (2004, p.546-8) show that under non-informative censoring 1 , a standard logistic model of the form:
where it X are the time-varying co-ordinates (accounting, market and macroeconomic variables), can be estimated. We estimate our models using the logistic regression function in Stata.
In setting up the model, we follow Chava and Jarrow (2004) and set the dependent variable equal to one in the year of liquidation and to zero otherwise. A firm contributes an observation in the estimation equation for each year from the firm"s Start Date, taken from the LSPD, until the end of the observation period or until it dies. A firm that is delisted for any reason other than those listed in Table 1 (e.g. it is acquired) would contribute observations until the delisting year. The liquidation year is defined as the calendar year of the Death Event Date as given in LSPD. For firms that go into liquidation within three months of their fiscal year-end, it is assumed that the most recent year"s financial statements are not available and the prior fiscal year is defined as the year before bankruptcy. We find that the average lead time between the date of the fiscal year of the last relevant report and bankruptcy is quite long, 1 "Non-informative" means that the censoring point (e.g. due to a firm disappearing from the dataset because of a merger) is independent of the failure point. approximately thirteen to fifteen months. Lennox (1999) also found that the average length of time between the final annual report of a failing company and its entry into bankruptcy is fourteen months, which is consistent with the findings of Citron and Taffler (1992) , and Agarwal and Taffler (2007) . Schwartz and Menon (1985) suggest that failing firms are likely to delay the submission of their accounts. Keasey and Watson (1988) also find that it is not uncommon for the accounts relating to the 2-3 years prior to bankruptcy never to be produced or to be unavailable after bankruptcy occurs. Beaver (1966) adopted the use of financial ratios in bankruptcy prediction and established that they have predictive power up to at least five years prior to bankruptcy. Previous studies show that the bankruptcy prediction models generally focus on areas such as profitability, liquidity, cash flow generation, and leverage.
Some researchers (Argenti, 1976; Slatter, 1984) have identified a number of symptoms of decline that can be picked up from a company"s financial statements.
These may include declining profitability, decreasing sales at a constant price, increased borrowing, a decline in liquidity, a cut in dividends to conserve cash, the use of creative accounting, changes in auditor, increasing delays before accounts are published, rapid management turnover, declining market share, lack of planning, and a paralysis of management decision making. Beaver et al (2005) emphasise that when selecting predictor variables, one should take into account the development of accounting standards, the increase in the relative importance of intangible assets and financial derivatives, and the perceived increase in the degree of discretion entering financial statements. Keasey & Watson (1991) also suggest that the models based on data from earlier time periods need to be used with care, as there is an extensive institutional change in the early period. In the UK, for example, the 1980s was a decade when a number of important changes took place, such as financial deregulation, an upsurge in corporate restructuring activities, such as buy-outs, privatizations, mergers, takeovers, etc, and the passing of the 1986 Insolvency and Disqualification of Director Acts. Taffler (1982) also suggests that the dramatic changes in the UK economy and major changes in the system of company taxation would highlight the need to monitor the performance of the models continuously to ensure that reasonable degrees of population stationarity and stability in the underlying relationships continue to hold. We deal with this issue by conducting out-of-sample tests for each of our models. If changes of the nature discussed pose a problem for UK models, then we should see poor out-of-sample predictive power when we use earlier periods to predict later periods. In fact, it appears that the inclusion of market variables and economic variables is capable of overcoming any difficulties posed by such environmental and accounting standard changes.
Selection of candidates for predictive variables
A careful selection of predictor variables is needed, not only to improve the predictive performance of bankruptcy prediction models (Karels ad Prakash, 1987) , but also to ensure that our variable selection process is guided by theory. We first group the accounting variables into a number of categories, and explain why these categories are selected. We then present summary statistics on those variables found to have the best predictive power in Tables 2 and 3 .
Liquidity
Liquidity reflects the ability of the firm to meet its short term commitments and the potential to generate working capital funds. (i.e. current ratio, working capital/total assets). The ratios would be expected to be critical immediately prior to failure, since only liquid assets can generate cash to cover obligations. Over the long-run, firms may try to minimise liquidity in order to channel funds into productive assets. Overcommitment of funds to investment or inadequate anticipation of upcoming needs for liquidity may easily precipitate a crisis (Zavgren, 1985) . The quick or acid test ratio is applied to examine whether a company has adequate cash or cash equivalents to meet its current obligations without having to resort to liquidating non-cash assets such as stocks.
Profitability
Most studies suggest that profitability has important influence, since companies with low profitability are likely to become less liquid and more highly geared (Morris, 1997) . We initially choose variables to reflect the strength of the company"s profitability at different stages of its earning process, such as net income, earnings before interest and tax, and retained earnings. This helps to identify whether the earnings are sensitive to changes in a firm"s operating health. Gupta (1983) shows that almost every company failure has been preceded by a period of impairment of earnings. When earnings are impaired, the supply of funds also soon dries up, affecting both working capital for current operations and long-term capital for growth. Taffler (1982) showed that profitability and financial leverage have a higher contribution in predicting financial distress, whereas the lack of working capital and short-term liquidity are of less importance in magnitude to liabilities and earnings abilities.
Cash flow
Although cash flow reporting has been recognised as important in the UK in the past decade, an examination of the existing UK failure literature reveals that operating cash flow variables have not been yet been widely examined in UK insolvency models. Prior US studies provided some evidence that operating cash flow-related variables may add to the explanatory power of bankruptcy prediction models (Casey and Bartczak, 1984 and Gentry et al, 1985) . Beaver (1966) carried out a univariate study of 30 ratios and concluded that cash flow to total debt is the best single ratio predictor. Lennox (1999) suggested that default on debt servicing often increases the chance of bankruptcy, especially if the firm does not have relatively easy access to internal or external finance. This reflects a higher likelihood of a firm to go bankrupt if it has cash flow problems, compared to a firm which has easier access to its internal finance.
Leverage
The long term financial position of the firm is reflected in its leverage, which determines the ability of the firm to meet its debts in the long run and the ability to raise new capital through borrowing (i.e. total liabilities/total assets, long-term debt/net capital employed). A major concern is whether the firm can service its debts or generate enough profit to be able to pay the interest on its loans. Leverage ratios measure the extent to which the assets are covered by liabilities and the extent to which assets can depreciate in value and still meet its commitments with regard to external debt or borrowed funds. If the firm is heavily dependent on borrowed funds, profits will be high during years of growing profitability, but in a bad year, they will be low or negative. Leverage ratios therefore indicate the level of financial risk in addition to the business risk a firm might face.
Activity and Company Characteristics
Activity ratios measure how effectively a firm is exploiting its assets. They could also indicate whether a firm is keeping adequate levels of assets, which could in turn affect its performance in the long run. Some other activity ratios related to creditors and debtors indicate the effectiveness of a company"s credit policies, the demand for its products and can also reflect to an extent whether the firm is having difficulties in meeting its obligations. Company characteristics, such as size and age, could identify the strength and weakness of the firms to survive through the different phases of their business cycle.
Market Variables
Prior research has examined the ability of variables based on market values to predict bankruptcy (Hillegeist et al, 2004 , Chava and Jarrow, 2005 , Shumway, 2001 ). Market price is a useful indicator that incorporates the information learnt from financial statement data released by the firm as well as other information available in the market. Rees (1995) provides support for the idea that market price can be a valuable predictor of failure, even if it is influenced by other factors. He suggests that market price not only reflects a wide variety of information related to the expected future cash flows but it also reveals a subset of information about the likelihood of liquidation and cash flow impact. Thus, a sharp fall in the market price or unusual market-based ratios might be viewed as a warning. The large body of empirical evidence implies that incorporating market data into the models is likely to provide substantial benefits, particularly with respect to timeliness of information (Keasey and Watson, 1991) . In the UK, full accounting data are only available annually with interim financials available semi-annually, but only quarterly in some limited cases.
Market price variables give more timely information and also provide a direct measure of volatility. The market-based variable most typically used in prior research is the firm size measured by market capitalisation. Beaver et al (2005) suggest that the probability of bankruptcy may be embedded in the market price, even though it may not be a direct measure of that probability. They note that (p.110) "as the probability of bankruptcy increases, the nonlinear nature of the payoff function for the security becomes increasingly more important because of risky debt and limited liability". Hillegeist et al (2004) argue that the conservatism principle in accounting methods might cause asset values to be understated relative to their market values, particularly for assets and intangibles. They conclude that (p.6) "downward-biased asset valuation might cause measures of accounting-based leverage to be overstated". Beaver et al (2005) point out that the market-to-book ratios may also serve as a crude approximation of the relative importance of intangible assets, which has gradually increased over time as research and development expenditures have become important in technology-based firms.
Many recent studies have introduced the measure of asset volatility as another crucial variable in bankruptcy prediction. Hillegeist et al (2004) suggest that volatility captures the likelihood that the value of the firm"s assets will decline to such an extent that the firm will not be able to repay its debts. The probability of bankruptcy is perceived to increase with volatility. Two firms with identical leverage ratios may have substantially different probability of bankruptcy depending on their asset volatilities. Lys (1984) found that when the leverage ratio is used as a single proxy for financial risk, volatility becomes important and is highly correlated with the leverage ratio. Campbell et al (2001) also point out that the absence of any volatility measure in the accounting-based models is likely to lead to a substantial reduction in their performance, as firms exhibit considerable cross-sectional variation in volatility.
Economic variables:
Whilst it seems intuitive to include macro-economic variables in a bankruptcy prediction model, one can reasonably argue that such variables should be redundant in a model that incorporates market price information, as market values should fully embed all available information. However, it is possible that leading indicators can add to information in prices insofar as market prices reflect expected cash flows and discount rates, whilst economic variables may tell us something about downside risk, which is of key importance in bankruptcy prediction models. We employ the market timing variables proposed by Gregory (2000) as the economic indicators in our model. The change in the return of FTSE All Share Index over the previous twelve months (DMKT) is employed as the first business cycle variable. As the levels of interest rates and inflation rates in the economy are likely to affect the firm differentially according to its choice of financing method, we incorporate a proxy for interest rates (TBR) into the model represented by the nominal three-month Treasury Bill Rate. The monthly change in Retail Price Index is also incorporated as a measure of the inflation rate (INFL). An inverted yield curve can be useful recession indicator, so we include the term structure premium, which is the difference between long-term gilt rate and Treasury Bill Rate (LONGSHT). Two direct measures of economic activity are also used. The first is the 12-month change in the UK Long Leading Indicator published by the National Statistics Office (CUKLEAD). The second is the monthly change in the Industrial Production Index (INDPROD). All the raw data required for the calculation of the variables are obtained from Datastream and LSPD.
As an alternative measure of interest rates, we calculate a deflated Treasury Bill rate, (DEFLTBR). However, our analysis shows that only interest rate variables and inflation, in conjunction with INDPROD add explanatory power to the models based upon accounting and market variables.
Following the procedure suggested by Cohen, Polk, and Vuolteenaho (2003) and Campbell et al (2008) , we also adjust the book values of assets to eliminate outliers.
We add 10% of the difference between market and book equity to the book value of total assets. This leads to an increase of book values that are extremely small, which may not be properly measured and may generate outliers when used as the denominators of financial ratios. We calculate the monthly log excess return on each firm"s equity relative to the FTSE All Share Index (EXRET), the standard deviation of each firm"s monthly stock return over the past six months (SIGMA), and the relative size of each firm measured as the log ratio of its market capitalization to that of the FTSE All Share Index (RSIZE). We also take each firm"s price per share from LSPD (PRICE). We attempt to further limit the influence of outliers by Winsorising all the variables in our model at the 5 th and 95 th percentiles of their pooled distributions across all firm-year observations. We replace any observation below the 5 th percentile with the 5 th percentile, and any observation above the 95 th percentile with the 95 th percentile. This adjustment also applies to those firms whose book equity has been adjusted as above.
From the potential candidate list, an extensive univariate analysis 2 and the testing of alternative logit models, we end up with the following list of variables which we include in the first logistic regression, "the accounting model": working capital over total assets (WCTA); total liabilities over total assets (TLTA); cash flow over total assets (CFTA); change in net income (CHIN); following Ohlson (1980) , a dummy variable equal to one if net income was negative for the last two years (INTWO);
earnings before interest and tax over share capital (EBITSHARE); quick assets over current assets (QACA); and funds from operation over total liabilities (FOPTL) . For the accounting model we end up with a sample of 558 bankrupt firms for which we can obtain sufficient information to calculate all the above variables. Summary statistics on these variables are presented in Table 2 . We show separately the characteristics of liquidated, non-liquidated and acquired firms, as a number of previous studies (Shrieves and Stevens 1979; Pastena and Ruland 1986; Peel and Wilson 1989; and Peel 1990) have examined the possibility of a merger/bankruptcy alternative to financial distressed firms. Their studies indicated that a significantly large minority of merged firms, around 15-17 percent, exhibited symptoms of financial distress in the year prior to merger compared to the general population of firms, where less than 5 percent were defined as distressed. Peel (1990) suggested that it is usually the distressed firms which actively seek a partner.
Panel A of Table 2 describes the distribution of the variables in the entire dataset, panel B describes the properties of the bankrupt group, panel C describes the nonbankrupt group, and panel D describes the firms that were either merged or acquired.
A comparison between panel A and B reveals that firms that go into liquidation have some differences from the rest of the sample which are intuitive. All the explanatory variables appear to have a lower and poorer performance in the liquidated group compared to other groups. The liquidity of the bankrupt firms, as reflected in the working capital ratio WCTA, is significantly lower than the non-bankrupt firms. The mean value for liquidated firms is only 7.1%, while for the non-liquidated firms it is 17%. The median is also has a much lower at only 3.9%. The value of the TLTA is fairly high relative to the assets with the average leverage at 61.8% and the median leverage in excess of 66%. Liquidated firms appear to experience negative cash flows and a greater propensity to have negative earnings in consecutive years prior to bankruptcy. Funds flow and profitability measures are also significantly negative, for example FOPTL is -14.1% as compared to 24.7% in the acquired group and 17.6% in the non-liquidated group. EBITSHARE is also negative for the liquidated group but positive for the rest of the sample. The acquired firms group has stronger cash flow and profitability components despite the slightly lower liquidity in quick asset and working capital compared to the rest of the non-liquidated firms. The standard deviation of the explanatory variables is consistently higher in the bankrupt group compared to the rest, whereas those of the acquired group are consistently lower across all the variables. Table 3 displays the characteristics of the variables for the market and accountingbased model. Missing price or returns data mean that the sample for this analysis is limited to 428 bankrupt firms. Variables are: total liabilities over market value of equity (TLME); log excess return over FTSE All Share Index (EXRET); cash flow over market value of total assets calculated by addition of firm market value and book value of total liabilities (CFMTA); standard deviation of firm stock returns over the previous six-month period (SIGMA); price per share (PRICE); net income over market value of total assets (NIMTA); total liabilities over adjusted total assets calculated by adding 10% of the difference between market equity and book equity (TLTADJ); and log of firm"s market equity over the total valuation of FTSE All Share Index (RSIZE). Again we see that the bankrupt firms have a relatively much higher leverage. The value of their debts is extremely high compared to the market value of equity or the total adjusted assets value. The average TLME is 2.542 as compared to 0.999 for non-bankrupt firms, including acquired firms. The bankrupt firms typically make losses and have a mean net income of -5.6% relative to the market value of their assets. The bankrupt firms also experience negative excess returns with a mean value of -14.5%, which is close to the median value of -14.9%. The bankrupt firms typically have a much lower price per share. The mean price per share is only 24p for bankrupt firms, while the median price per share is only 7p. The firm size is also smaller than that of the non-bankrupt firms. Their volatility has a mean six-month SIGMA of 25.5% and a median SIGMA of 22.3%, which are considerably higher than the rest of the sample. Table 3 values. We can see that bankruptcy seems to be associated with times when the economic outlook is unfavourable, as proxied by the yield curve, with a mean LONGSHT of -0.25%, whereas non-bankruptcy is associated with a LONGSHT value of 0.127%. LONGSHT is higher still for the acquired firm group at 0.182%. INFL remains at a similar level with mean and median close to 0.44% across the groups. However, there is a slightly higher monthly inflation rate amongst the failed firm group. TBR seems to be fairly stable across the groups with a mean of 8.2% and a median of 7.0%. The bankrupt group has a higher mean of 8.4%, a similar median, and a higher standard deviation. However, the acquired firm group has a higher mean of 9.2% and a median of 9.4%.
Results
The results from running the logistic regressions for each of our models are presented in Tables 5-7 . We start with the pure accounting model, which as we note above requires no market data and may, therefore, be applicable to unlisted firms (although we stress that we do not test it on such firms). EBITSHARE has a negative sign and shows that the declining earning ability of the firm before its interest and tax obligations as compared to the value of the firm equity give a signal that the firm might be in trouble. Lastly, CFTA raises the firm"s attention to its cash flow generating ability even in time when the firm has fair profitability performance.
We check the collinearity diagnostics for all these variables since high correlation might lead to imprecise estimates of the regression coefficients or increasing standard errors, thus compromising to some extent the tests of significance. This further motivates the use of market and/or macro-economic variables.
The Accounting and Market Model
We replace the traditional accounting ratios NITA and TLTA that use the book value of assets with the market-based series from Campbell et al (2008) . These measures are more sensitive to new information about firm prospects since equity values are measured using monthly market data rather than annual accounting data. Despite the fact that the market-to-book ratio is significant in the univariate analysis, it is not significant in the multivariate model, in contrast to the findings of Campbell et al (2008) . Accordingly, we try estimating an alternative model, the Accounting and Market Model (1). In this model, we employ both the book value of total liabilities to market value of equity (TLME) and liabilities to total adjusted assets (TLTADJ), both of which turn out to be highly significant. The correlation between TLME and TLTADJ is 0.3055 which is within acceptable bounds. The first measures the total leverage over market value of equity, while the second measures the leverage relative to the total adjusted assets employed by the firm (at market values for the equity element). The likelihood test between the full model and restricted model, in which either TLME or TLTADJ is dropped, shows that keeping both variables gives a better 3 A useful discussion of ROC curves can be found in Agarwal and Taffler (2008b) . 4 In this respect, note that although Agarwal and Taffler (2007) do not report HL test results, their zscore model is capable of generating some extreme predictions. As they note (p. 288-289) their model predicts the percentage of firms "at risk" (i.e. with negative z-scores) ranges from 14% in 1979 to a peak of 43% in 2002. The actual percentage of firms that failed in those two years in our sample was 1.27% and 2.55% respectively. This suggests their model is capable of generating a very high Type II error rate.
prediction. The rest of the market variables in Campbell et al"s (2008) model enter the logit regression with the expected sign and are highly statistically significant at the 1% level, although RSIZE is only significant at the 5% level. A negative sign on EXRET shows that firms earning lower returns than the market return have a higher risk of going bankrupt, and the coefficient on SIGMA shows that high volatility is associated with an increased probability of bankruptcy. Firms with a lower market price per share and a smaller market capitalisation relative to the market are more likely to go bankrupt. Finally, NIMTA has a significant negative coefficient, suggesting that a low level of profitability measured relative to market values of total assets is an indicator of financial distress.
In the second Accounting and Market Model (2), the book-to-market ratio enters as significant variable when we include the WCMTA ratio, which was also significant in the pure Accounting Model in book value terms. As would be expected, the sign of the coefficient on WCMTA is negative. The coefficient on the book-to-market ratio is consistent with "value" stocks having a higher probability of going bankrupt. The correlation of both ratios to the rest of the variables remains low, apart from the correlation between the book-to-market ratio and TLMTA, which is 0.5712, an acceptable tolerance level.
It is clear that the predictability of the models improves as we add market and marketadjusted variables into the model. The R-squared improves significantly from 12.73%
to approximately 25% in both market variable based models and the area under the ROC curve also increase from 81.24% to 89.92% and 89.61% in models 1 and 2
respectively. Testing the differences between the two Market Models, a likelihood ratio tests show that the second Market Model does not have superior predictive ability, as does a simple comparison of the R-squared and area under ROC curve figures. The HL tests show that both models fit the data well.
The effects of adding macro-economic variables
In Table 7 , we report results from two logit regressions with the inclusion of macroeconomic variables, our AME Models. For comparison, we repeat the results from our marginally-preferred accounting and market model (Model 1) in the first two columns of the Table. We can see that the inclusion of economic variables slightly changes the candidate market and accounting variables, with TLMTA being preferred as the measure of leverage rather than TLME and TLTADJ. Coefficients change slightly for the common variables, with most generally having stronger explanatory power. In AME Model 1, the yield curve measure (LONGSHT) and the Treasury Bill and Inflation rate are significant predictors of distress, whereas in AME Model 2 the real interest rate replaces the Treasury Bill rate as a significant predictor (albeit only at the 10% level) and decreases in the Industrial Production variable predict distress.
Compared to the Accounting and Market Model, the R-squared of the AME Model
(1) improves from 25.33% to 26.22% and the ROC curve area increases from 89.92% to 90.34%. A likelihood ratio test confirms a highly significant increase at the 1% level in the predictive ability of the model relative to the Accounting and Market
Model. Our second AME Model (2) also records a highly significant increase in predictive power relative to the Accounting and Market Model, although ROC area under the curve and R-squared statistics are marginally lower than those from Model 1. HL statistics confirm that both models have good predictive abilities.
In Table 8 , we re-estimate the model after excluding 30 observations with unusual residuals. We identify the observations that fit poorly and those that have a great deal of influence on the values of the estimated parameters by utilising the regression diagnostics (Pregibon, 1981) and graphical analysis suggested in Hosmer and Lemeshow (2000, p.177-180) . These are plotted by utilising the predict residuals, hat, dbeta and dx2 options within Stata. Of course, one can object to such a process on the grounds that it involves another layer of "data snooping", but several of the companies involved were clearly unusual and some had a certain notoriety (to name but two, British and Commonwealth Holdings; Maxwell Communications). The first effect is to change the significance of some of the macro variables. In AME Model 1, INFL is now only significant at the 10% level. In AME Model 2, the deflated interest rate measure now becomes significant at the 5% rather than the 10% level. Both models and the Accounting and Market Model show a substantial improvement in the explanatory power of the sample.
Goodness-of-Fit Tests
In this section, we analyse the predictive ability of AME Model (1), which has marginally more predictive ability than the second version of the model. The Hosmer-Lemeshow statistic reported in deciles with the highest probability of bankruptcy. Looking at the two highest probability deciles, the model predicts 89.7% correctly. The model reports only 0.70% of the firms as misclassification in the lowest 5 deciles of probability, and this compares to 3.60% for Accounting and Market Model (1) and 3.27% for Accounting and Market Model (2).
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The forecasting ability of the out-of-sample performance increases slightly to 99.55%
for the five deciles with the highest probability of bankruptcy. The misclassification for the low 5 probability deciles is 0.45%, which is lower than 2.79% for the Accounting and Market Model (1) and the 2.36% in Accounting and Market Model (2). The two highest probability deciles can predict 91.52% of the bankrupt firms correctly. The other AME Model (2) shows similar results, but Model (1) has the edge in terms of out-of-sample performance.
Finally, following Ohlson (1980) , in Table 11 we show that the cut-off point that minimises the sum of errors is .0092. At that point, 10.30% of the bankrupt firms and 18.11% of the non-bankrupt firms are misclassified. The expected average error rate would then be 14.21%. As a comparison with the Accounting and Market Model (1), the Type I error drops from 16.59% to 10.30% whereas the Type II error drops from 18.58% to 18.11%. Of course, minimising the error in this way makes the almost certainly wrong assumption that the cost of Type I and Type II errors is equal, and a more complex analysis of the costs and benefits of alternative error types can be found in Agarwal and Taffler (2008b) .
Prior year estimates
In this section, we discuss logistic regression models using data from prior years.
Previous researchers have found that bankruptcy models generally show a decline in accuracy for more distant bankruptcy horizons (Lennox, 1999; Campbell et al, 2008) .
We estimate the conditional probabilities of bankruptcy with a two-year and threeyear horizon. In the logit specification, the coefficients are allowed to vary with the horizon of the prediction. The probability of bankruptcy in j years, conditional on survival in the dataset for j-1 years, is given by (Campbell et al, 2008 p. 2912
The coefficients, significance levels, and overall fit of the logit regression decline as the horizon increases. At the two year horizon, all the variables remain statistically significant, but the R-squared falls to 13.35% and the area under the ROC curve to 81.79%. At the three year horizon, EXRET, SIGMA and LONGSHT all lose statistical significance, although intriguingly all the variables that embed accounting numbers do not. This rather strengthens the case that Agarwal and Taffler (2008b) make for "unfashionable" financial statement based models as opposed to optionbased models. Last, and fairly obviously, explanatory power falls, with R-squared being only 9.29% and the area under the ROC curve falling to 77.44%.
Adding Industry Effects
In the unreported tests, 6 we find that the forecasting ability of the Accounting, Market, and Economic Model (AME) appears to differ across ten different industry groups. In this section, we follow the approach of Chava and Jarrow (2004) and test for industry effects by fitting the AME model with intercept and slope coefficient dummy variables for each industry grouping. Initially, we conduct simple t-tests to check whether variables found to be significant in the AME model vary across industry groups. Those tests help inform our choice on which predictor variables should be is positive, indicating that despite the mitigating effects with regard to profitability and leverage discussed above, firms in the service sector have a higher baseline probability of bankruptcy. Finally, a test for the joint significance of all the industry and slope-shifting industry dummies confirms that we can reject the null hypothesis of joint insignificance.
Compared to the AME model without industry effects in Table 8 , the R-squared of the model improves from 31.37% to 32.12%, and the area under the ROC curve also increases from 93.40% to 93.58%. A likelihood ratio test between the Constrained and Unconstrained Model indicates that the industry effect is significant at the 1% level. In Table 13 we show that the model provides a modest improvement in both its in sample and its out-of-sample forecasting ability compared to the model without the industry variables. Comparing the results in Columns 1 and 2 of Table 13 the insample performance increases by 0.81% in the high probability decile and 0.56% in the highest 2 deciles. The misclassification error in the highest probability 5 deciles decreases from 0.70% to 0.65%. With respect to the out-of-sample performance, the predictive ability in the highest decile increases by 1.13% and by 0.96% in the highest 2 deciles. The overall predictive ability in the five high probability of bankruptcy deciles increases by 0.13%.
In unreported tests, we investigate whether industry effects improve the performance of the Accounting and Market, and the pure Accounting model. Both the in-sample estimation and out-of-sample prediction of all three models confirm the importance of industry effects. For prediction based on the AME Model and A&M Model, the industry effects appear to be relatively marginal, almost certainly due to the inclusion of the market and economic variables. However, industry effects appear to be more important in the pure Accounting Model. For that reason, for the benefit of those researchers who are interested in models based purely on financial statements we present the model with industry effects in the Appendix.
Conclusion
Recent evidence in Agarwal and Taffler (2008b) highlight the fact that accountingbased models have an important role to play in the prediction of financial distress.
They note that whilst accounting ratio based models are much criticised for a lack of theoretical grounding, they are capable of out-performing their more theoretically appealing contingent-claims based alternatives. They point out three factors that might favour accounting models: first, corporate failure is likely to evolve over time and as such will be reflected in financial statements; second, the nature of double entry bookkeeping means that combining accounting information should overcome the effects of policy changes or "window dressing"; 8 third, loan covenants are generally based on accounting numbers. It is interesting to note that this latter point is timely in relation to the current credit and economic crisis, whilst the first point is consistent with our evidence on prior year bankruptcy prediction. Taffler (2008a, 2008b) obtain their results using a long-established simple z-score model, and this underpins the logit model they estimate in Agarwal and Taffler (2007) . However, there is evidence from Shumway (2001) and Chava and Jarrow (2004) that a "hazard" or "dynamic logit" model can considerably improve the predictive power of simpler models. Most recently, Campbell et al (2008) show that market variables might further add to the power of "traditional" prediction models.
Last, Chava and Jarrow (2004) show that industry effects can add power to such models. Yet to our knowledge, no published papers have attempted to apply such enhancements to the problem of bankruptcy prediction in the UK. This seems an important shortcoming, in at least three respects. First, it is unfortunate that the current economic environment has undoubtedly revived interest in financial distress prediction models. Second, recent work by Campbell et al (2008) shows that financially distressed firms deliver anomalously low returns. Unfortunately, without
better distress prediction models we cannot be sure that this result holds in the UK, although Agarwal and Taffler (2008a) provide some interesting evidence in this regard. Last, Pope (2010) has raised the importance of financial distress indicators in the context of the asset pricing literature. To this end, well-specified models of financial distress would give a potentially useful input to new factor and portfolio construction.
These observations provide a strong motivation for a comprehensive re-visiting of bankruptcy prediction in the UK. Employing the Shumway (2001) and Chava and Jarrow (2004) "dynamic logit" model, we provide Accounting and Accounting and Market models for the UK. Following the logic of Campbell et al (2008), we extend their model by investigating the importance of macro-economic variables. We find that the risk free rate of interest, the term structure of interest rates, and an inflation term are significant variables in improving the basic Accounting and Market model of Campbell et al (2008) . Extending the analysis further, by adding an industry effect as in Chava and Jarrow (2004) marginally increases the power of this model. However, industry effects seem more important in the context of a pure accounting model.
We do not interpret our results as in any way undermining the importance of accounting data. Rather, we see the results as emphasising the importance of combining accounting and market information. To a degree, this can be viewed as providing support for Pope"s (2010) argument that accounting numbers can be informative about a firm"s fundamental risk attributes. Our interpretation is in a similar sprit to that of Beaver et al (2005, p.112) who note "market-based variables are not a substitute for the accounting-based information but rather a proxy for the predictive power attainable by capturing the total mix of information, including both the financial statement and non-financial statement information." Three messages stand out for accounting research from our findings. The first is that financial statement information on profitability, cash flow and liabilities retain an important role in predicting distress even in the presence of market variables. Beaver et al (2005, p.115) argue that market-based variables do not distinguish between volatilities induced by business risk and financial risks, and our results are consistent with that claim. The second is that replacing accounting measures of book value with market measures in financial ratio denominators improves predictive power by making that information more timely. The third is that at longer forecasting horizons, it is only those variables that embed accounting information that retain any ability to predict financial distress.
Of course, as with any model of this type, we remain open to the accusation of "data mining". However, we note that we have been careful only to investigate those variables that have been found important in previous models, and many of these have been formulated outside the UK. Second, we have taken great care to validate our model by subjecting it to out-of-sample testing. Doing so reveals that the performance of the AME model in particular remains impressive.
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